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Description
FIELD OF THE INVENTION

[0001] This invention relates generally to the field of geophysical prospecting. Specifically, the invention is a hydro-
carbon exploration method for determining subsurface reservoir properties such as porosity, permeability, and pore fluid
type from an effective material property sensed by geophysical surveys or log measurements.

BACKGROUND OF THE INVENTION

[0002] Hydrocarbon reservoirs are porous bodies of rock in the subsurface where the pore spaces within the rock are
at least partly filled by hydrocarbons. Reservoir rocks are typically sedimentary rocks composed of several different
classes of inclusions and voids. For example, in a siliciclastic rock, the compositional classes might be large quartz
grains, small quartz grains, feldspar grains, calcite cement which binds the grains together, clay, and pore space between
the grains. In a carbonate rock, the compositional classes might be shell fragments, skeletal remains, microporous
regions, vugs, and intergranular pores. Within a single geologic formation or stratigraphic unit, rocks will typically contain
the same compositional classes, though the volume fractions of each class may vary. Based on the geologic context of
a new prospect, geologists can often predict the compositional classes that will be found in a prospective reservoir,
though the volume fractions of each compositional class at a given location within the reservoir are typically unknown
before drilling.

[0003] Since rocks within a single formation typically have the same compositional classes and similar pore-scale
structure, rock samples from one location can often be used to predict relationships between properties at a different
location in the same formation where a sample is not available. Rock samples from an analog formation, a different
formation thought to have similar structure and composition, can also be used to predict relationships between properties
in a formation of interest.

[0004] The composition and structure of a reservoir rock and the type of fluid in the pore space of the rock influence
the reflection and transmission of seismic waves by the rock and the conductivity and dielectric constant of the rock.
Relationships among seismic, electrical and reservoir properties are exploited in geophysical prospecting for hydrocar-
bons, where data from seismic or electromagnetic surveys are used to predict the spatially-varying properties of a
reservoir. The predicted reservoir properties are the basis for decisions about how many wells to drill, the type of well
to drill, and where the wells should be placed to optimally recover the resource from the reservoir.

[0005] Seismic properties of a reservoir rock are those properties that directly determine the reflection and transmission
of seismic waves by the rock, and together define at least the compressional wave velocity, shear wave velocity, and
density of the rock. It is often more convenient to express the seismic properties of a rock in terms of elastic properties,
such as bulk modulus and shear modulus (also called the elastic moduli). Various functions of the velocities and density
of the rock can be equivalently used to express seismic properties, including: bulk modulus, shear modulus, Poisson’s
ratio, Vp/Vs ratio, P-wave modulus, and Lamé parameters. Seismic properties may also include, for example, anisotropy
and attenuation. Seismic wave velocities may vary with the frequency of the seismic wave, a phenomenon called dis-
persion. Among the seismic properties, density is a simple function of the volume fractions of compositional classes,
being the volume-weighted average of the densities for each compositional class independent of the structure of the
rock. By contrast, the relationship between elastic properties and volume fractions is complicated and will vary between
different formations due to variations in structure.

[0006] Electrical properties of a reservoir rock are those that determine the electrical current that results from an
applied electrical potential, and include at least the conductivity or resistivity of the rock. Electrical properties may also
include, for example, the capacitance or dielectric constant of a reservoir rock, the frequency dependence of conductivity
and dielectric constant, as well as anisotropy parameters associated with directional variation in conductivity and ca-
pacitance. Sometimes the effect of the rock matrix on conductivity is expressed by the formation factor, which is the
ratio of the conductivity of the pore fluid to the conductivity of the fluid-saturated rock. The relationship between electrical
properties and the volume fractions of the compositional classes in a rock is complicated and formation dependent since
electrical properties also depend on structure.

[0007] Reservoir properties include the composition, pore-scale structure or texture, and pore fluid contents of the
reservoir rock as it varies throughout the reservoir. Of direct importance to hydrocarbon production is the type of pore
fluid and the porosity and permeability of the reservoir rock. The pore fluid type is oil, natural gas, ground water, or some
combination ofthose. The porosity determines the volume of fluid in the reservoir. Oftenitis important to further distinguish
between connected porosity which can be drained through a nearby well and unconnected porosity which cannot be
drained at economically significant rates but may play a role over geologic time in determining the distribution of fluids
in the reservoir. The permeability and its spatial distribution within the reservoir determine whether the fluid may be
produced from the reservoir at an economically viable rate. Variability in the mineral composition and pore geometries
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of the reservoir rock can mask the effect of fluid type, porosity, and permeability on seismic and electrical properties.
Thus accurate quantification of composition and pore geometries may also be necessary in order to determine pore fluid
type, porosity, and permeability. Many reservoir properties may be directly expressed by the volume fractions of appro-
priately defined compositional classes in the reservoir rock. For example, porosity is simply the volume fraction of pore
space, and mineral composition is given as the volume fraction of each mineral type, usually divided by the total mineral
(non-pore) volume fraction. Pore fluid type may be directly expressed by volume fractions of water, oil, and gas within
the pore space, and grain size distributions are expressed by the volume fractions of grains falling into each of several
size ranges. By contrast, permeability depends on rock structure as well as the volume fractions of compositional classes.
The relationship between permeability and the volume fractions of compositional classes that applies for one formation
may not apply in a different formation with the same compositional classes due to differences in rock structure.

[0008] Itisimportantto distinguish between the local properties at points within a rock sample and the effective medium
(sometimes called bulk) properties of the sample taken as a whole. For example, a seismic wave velocity can be specified
for the mineral or pore fluid at each point within the sample. However, seismic waves of interest have wavelengths much
longer than the diameter of any grain or pore within the sample so they travel through the sample at an intermediate
"effective" or "bulk" velocity which is a complicated average over the velocities of the compositional classes that make
up the sample.

[0009] Relationships among seismic, electrical, and reservoir properties are used in predicting reservoir properties
from geophysical survey data. In current practice, such relationships come from two sources: empirical studies and
theoretical models. In empirical studies, rock samples are obtained from a geological analog, a formation thought to
have similar properties to the reservoir. The effective properties of these samples are measured in the laboratory, and
an empirical curve or surface is fit through the measured values that seems to characterize the relationship between
the properties of interest. [e.g., Dvorkin and Nur, 1996] Sometimes down-hole measurements by well logging tools are
used in lieu of or in combination with lab measurements to establish empirical relationships. [e.g., Greenberg & Castagna,
1992] The empirical relationship may be a simple curve fit or a more complicated one estimated by artificial neural
networks. [Hoskins & Ronen, 1995] The relevance of empirical relationships depends on the extent to which the source
of the rock samples resembles the prospective reservoir. The accuracy depends on whether the quantity and quality of
the measurements are sufficient to discern the true relationship between the properties of interest. When a large number
of properties must be included in the relationship, empirical methods are often unable to resolve their separate contri-
butions.

[0010] In certain idealized cases, theoretical models give relationships between properties. For example, if a rock
consists of a homogeneous background material with non-interacting spheroidal inclusions of other materials or pores,
the relationship between the effective elastic moduli of the rock and the volume fractions of the inclusions can be
calculated analytically. A theoretical modelis available for this case because the idealized structure of this rock (spheroidal
inclusions) is amenable to analytical calculations. This theorerical model is based on the elastic properties of the back-
ground material, the elastic properties of the inclusions, and the shape of the inclusions. For spheroidal inclusions, shape
is fully characterized by specifying the aspect ratio. A spheroid is a three-dimensional shape formed by rotating an ellipse
around one of its two axes, and the aspect ratio of the resulting spheroid is the ratio of the length of the axis of rotation
to the length of the other axis of the ellipse. For example, for oblate spheroids, the axis of rotation is the minor axis of
the ellipse, and the aspect ratio is less than one. A theoretical model for the elastic properties of a rock with spheroidal
inclusions is given by Kuster & Toks6z [1974]. The Kuster-Toks6z (KT) model is only accurate for low concentrations
of inclusions, but differential effective medium (DEM) theory teaches that the KT model can be applied with a process
of iterative homogenization: adding an inclusion, calculating the effective properties, assuming a new homogeneous
background with those properties, and repeating until all inclusions are added. This DEM theory approach provides
accurate predictions out to higher volume fractions. An alternative to DEM theory is self-consistent (SC) theory which
teaches that when small concentrations of each inclusion type are added (e.g., using KT theory) in correct proportion
to a homogeneous background having the correct effective medium properties, then the addition does not change the
effective medium properties. Under SC theory, values for background properties are tried until the addition of the inclusions
leaves them unaltered. DEM and SC results are available for permeability and conductivity as well as elastic properties.
[Torquato, 2002] The accuracy of theoretical models is limited by the extent to which the rocks conform to the assumptions
of the model. The pores and inclusions within real rocks are not spheroical and do not have well-defined aspect ratios,
so theoretical models that assume otherwise must be applied with caution.

[0011] In practice, rock properties models often incorporate certain principles from theoretical models together with
empirically determined parameters. For example, DEM or SC theory defines a certain family of curves relating effective
properties of the rock to the volume fractions of each compositional class. The family of curves is parameterized by the
aspect ratios of each compositional class. Although the aspect ratios for real inclusions are not well-defined and therefore
cannot be calculated directly from rock images, effective aspect ratios may be selected for each compositional class to
best fit the family of curvesto lab measurements on actual rock samples. The physical constraints imposed by a theoretical
model make it possible to determine property relationships from fewer rock samples than would be required in a purely
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empirical approach. Constraining the free parameters of a theoretical model typically requires at least as many rock
samples as there are parameters, and generally many more due to measurement noise and model approximations.
When a theoretical model has more than a few unknown parameters, these typically cannot be accurately determined
from lab measurements of effective properties alone.

[0012] Another approach to determining relationships between seismic, electrical, and reservoir properties is to gen-
erate a set of virtual rock samples by simulating the processes by which siliciclastic rocks are formed: sedimentation,
compaction, and diagenesis. [dren & Bakke, 2002] Various seismic and reservoir properties may be computed for the
virtual rock samples produced by the simulation and correlations between the properties explored. [dren, Bakke, & Held,
2006] The limitation of this method is that the simulation may not accurately reproduce the structure and properties of
real rocks. This is particularly a concern for carbonate rocks, where the processes of diagenesis are often more com-
plicated than in siliciclastics.

[0013] Computational rock physics is the computation rather than laboratory measurement of seismic, electrical, or
reservoir properties of a rock based on numerical simulation at the pore scale. In this technique, a 3D image is taken of
a rock sample and a 3D digital representation of the rock is created. By assigning properties to the components of the
digital rock and using fundamental physical principles, the effective properties of the rock sample can be computed
numerically. When a 3D image is not available, a digital rock can be constructed statistically honoring spatial correlations
extracted from a 2D image of the rock. [Nur, 2003] Of course, the digital rock can also be entirely computer generated
without reference to an actual rock sample, and such a purely synthetic volume can still be useful for evaluating the
idealized assumptions of theoretical models. [e.g., Knackstedt et al, 2005] Recent examples of computational rock
physics include the computation of permeability from 3D images and statistical reconstructions from 2D images [Arns
et al, 2004; Keehm et al, 2001], computation of effective bulk and shear moduli from 3D images [Arns, 2002], and
computation of conductivity from 3D images [Spanne et al, 1994]. While computational rock physics can provide a useful
substitute for laboratory measurements in difficult-to-measure rocks, it does not go beyond providing information about
the particular rock sample that was imaged or digitally constructed. Specifically, it does not specify a relationship between
geophysical and reservoir properties that can be applied in hydrocarbon exploration to other rocks of the same formation.
[0014] From the foregoing, it can be seen that there is a need in hydrocarbon exploration for a method that can
determine relationships among seismic, electrical, and reservoir properties in complicated rocks where current methods
cannot isolate the effects of each compositional class. Preferably, such a method should be able to quantify the impact
of each of a large number of compositional classes on the effective properties of a rock, even with a limited supply of
rock samples. The present invention satisfies this need.

SUMMARY OF THE INVENTION

[0015] In one embodiment, the invention is a method for developing a model for hydrocarbon exploration of at least
one effective material property of a hydrocarbon reservoir as a function of the composition of the reservoir rock, comprising:
(a) obtaining one or more rock samples, wherein the sample or samples are characteristic of the compositional classes
existing in the reservoir rock, (b) obtaining at least one 3D image of the one or more rock samples, (c) segmenting the
3D image into compositional classes having similar properties, (d) creating for each sample a local properties volume
for a selected material property specifying a local value of the selected property at each point throughout the sample,
(e) selecting the mathematical form of a model to use for the effective value of the selected material property, where the
model has at least one unknown parameter, (f) determining the unknown parameters of the model so that the effective
material property values predicted by the model match those computed numerically based onthe local properties volumes,
and (g) using the model to assess the commercial potential of a subsurface reservoir. In various embodiments, this
method can be applied when the selected material properties are, for example, elastic moduli, conductivity, or perme-
ability.

BRIEF DESCRIPTION OF THE DRAWINGS

[0016] Figure 1 is a flow chart of an embodiment of the invention;

[0017] Figure 2 shows a slice of a 3D X-ray microtomography image of a sample of Indiana Limestone;

[0018] Figure 3 shows the slice of figure 2 now segmented into three compositional classes: solid calcite grains, pores,
and microporous calcite (micrite).

[0019] Figure 4 shows a slice of a 3D X-ray microtomography image of a sample of Berea sandstone.

[0020] Figure 5 shows the slice of Figure 4 now segmented into five compositional classes: quartz grains, feldspar
grains, calcite cement, clay, and pores.

[0021] Figure 6 shows a mapping from image pixel value to pixel porosity.

[0022] Figure 7 shows the slice of Figure 2 where the pixel value has been converted to pixel porosity according to
the mapping of Figure 6.
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[0023] Figure 8 shows a mapping from pixel porosity to pixel bulk and shear modulus for calcite given a DEM model
with an effective aspect ratio of 0.13.

[0024] Figure 9 shows a slice of the local bulk modulus volume which was derived from the porosity slice in Figure 7
using the mapping of Figure 8.

[0025] Figure 10 shows the distribution of pixel values in the sample imaged for Figure 2 (solid line). The compositional
class associated with each range of pixel values is indicated (pore, micrite, calcite). An altered distribution with elevated
micrite content is shown by the dotted line.

[0026] Figure 11 shows relationships between total porosity (including both the pores and the porosity of the micro-
porous calcite) and compressional wave (P-wave) velocity. The relationship depends on the percentage of the total
porosity which is within the microporous calcite.

DETAILED DESCRIPTION OF PREFERRED EMBODIMENTS

[0027] The present invention is a method for determining relationships for use in hydrocarbon exploration among
seismic, electrical, and reservoir properties of a subsurface rock formation. The inventive method allows these relation-
ships to be determined using as few as one rock sample. For a selected property of interest, the inventive method
determines a model relating the effective property value to the volume fractions of the compositional classes in the rock.
To dothis, a 3D image of the rock sample is obtained and segmented into compositional classes. A mapping is determined
that converts the 3D image into a local properties volume, specifying the local value of the property of interest at each
pixel location. An effective medium model is selected that will ultimately relate the volume fractions of each compositional
class to the effective property value for rocks having similar structure to the sample. Such models typically have unknown
parameters that must be calibrated using actual rock samples. The inventive method calibrates the model parameters
so that the model correctly predicts property values obtained by "virtual measurements"” computed from the local prop-
erties volume. Once the model parameters are thus calibrated, the model gives a relationship between a selected
property of interest and the volume fractions of the compositional classes. Finally, the calibrated model may be applied
to assess the commercial potential of a subsurface reservoir, typically by relating a property of the reservoir to seismic
or electrical property measurements from surface geophysical surveys or well logs. When more than one property of
interest is not a simple function of the volume fractions of the compositional classes, then the inventive method is typically
applied to relate each property of interest to the same compositional classes in the rock, and the resulting models solved
to determine the relationship between all properties of interest.

[0028] Inone embodiment, a significant feature of the inventive method is the use of virtual measurements to determine
model parameters. Unlike conventional lab measurements, numerical virtual measurements have access to the full 3D
structure of the sample and the 3D fields (e.g., stresses and strains, potentials, local flow vectors) within the sample.
Thus, virtual measurements can be designed to probe precisely the sensitivity of the effective properties to each com-
positional class. Examples of virtual measurements include calculating average stresses and strains within a single
compositional class or computing effective properties on an altered local properties volume where the properties of a
single compositional class are changed.

[0029] Numerical finite element software can be used to compute the effective properties of a sample from its local
properties specified at each point, as is done in computational rock physics. A premise of the invention is that models
that express effective properties as functions of rock composition and structure are approximate expressions for the
complicated averaging operation performed by numerical finite element software or other numerical computation that
determines effective properties from a local properties volume. Therefore, the numerical simulation can provide a powerful
tool for quantifying the parameters of the models when it is applied to a local properties volume that is calibrated to lab
measurements, particularly when it is applied to provide virtual measurements that could not be obtained by conventional
lab techniques, such as measurements of average fields within a single compositional class or measurements on altered
local properties volumes where the alterations correspond to known changes in parameters of the model.

[0030] Various types of models could be employed in the inventive method to characterize the relationship between
an effective material property of the sample and the volume fractions of the compositional classes. The use of any such
model is within the scope of the invention. These models could be based on some simplifying physical approximations,
as with theoretical models based on differential effective medium (DBM) theory or self-consistent (SC) theory. Alterna-
tively, the functional forms used in empirical models could be employed. For example, the slope and intercept of a linear
curve fit could be determined by the inventive method. In the preferred embodiment, the models give an effective property
(e.g., the effective elastic moduli, effective permeability, effective conductivity of the sample) as a function of the volume
fractions of each compositional class. The models typically require local values within each compositional class of the
same property for which an effective value is desired (e.g., elastic moduli, permeability, conductivity for each compositional
class). These local values are typically determined based on the mineralogy of the compositional class and assumptions
or measurements related to subresolution structure within the compositional class. The models also typically include
geometrical parameters characterizing the structure and spatial distribution of each compositional class (e.g., effective
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aspectratios, connectivity, pore sizes, surface areas). In current approaches, these geometrical parameters are assumed
based on past experience or determined by calibration to lab measurements. In an embodiment of the inventive method,
these geometrical parameters are determined with improved accuracy by computational analysis of the local properties
volume.

[0031] In a preferred embodiment of the invention, the model assumes a rock sample with N compositional classes,
where v; is the volume fraction and L; is the material property matrix (e.g., stiffness, conductivity, permeability) for the

ith such class. A stimulus applied to the sample generates internal fields within the sample characterized by an intensity
(e.g., strains, electric potentials, or pressure gradients) and a flux (e.g., stresses, electrical currents, or flow velocities).
The flux field vector averaged over the whole sample, [, is related to the intensity field vector averaged over the whole

sample, [J, by the effective material property matrix L", as [J = [{'[j. Furthermore, within the ith compositional class,

the averaged flux field vector [J, is related to the averaged intensity field vector [J; by the material property matrix L,

o, =Lg,. (1)

When elements within the ith compositional class have a distribution of properties, L; is an effective properties matrix
and can be determined from the computed intensity and flux fields in the sample according to equation 1. The symmetry
of the compositional class determines the number of free parameters in L;, generally much smaller than the number of
elements [Torquato, 2002]. However, if equation 1 does not provide enough constraints to determine the free parameters
in L;, then different stimuli can be applied to the sample to produce different values of (J; and [J; and thus additional
constraints on L;.

[0032] Following Berryman (1997), a matrix A; can be defined for the # compositional class such that,

£ =Ag. )

Then the effective material property matrix L* for the sample can be written as,

N
L=YvL4. 3

=]

[0033] Equation 3 is a model relating the effective material property to the volume fractions of the compositional
classes, but the matrix A;is unknown and varies with the volume fractions of the compositional classes and their material
properties. In one embodiment, a theoretical form is assumed for A;, and the free parameters of this form are selected
to satisfy equation 2. For many material properties, an approximation to A; based on spheroidal inclusions is available,
where the parameters of the approximation are L;, L, and the aspect ratio of the spheroids [Torquato, 2002]. Using this
approximation for A, effective aspect ratios for all compositional classes may be determined to satisfy equation 2.
Alternatively, the effective aspect ratios can be determined by altering the material properties within one compositional
class at a time (altering L;), recomputing the effective property value of the local properties volume for each alteration
(computing L"), and selecting the aspect ratios in the approximation to A; to best satisfy equation 3. Approximations for
A, can be made using additional or different parameters. All such models for A; are within the scope of this invention:
[0034] The presentinventive method is an improvement over empirical studies, as it requires only one sample (instead
of many) and that sample may have different volume fractions of the compositional classes than the prospective reservoir.
Indeed, the present inventive method can be used with a collection of samples in which no one sample contains all the
compositional classes in the reservoir, as long as each compositional class is either found in at least one of the samples
or is understood well enough that its parameters are known. This flexibility in the number and choice of samples is not
available with empirical studies.

[0035] The present inventive method is an improvement over techniques commonly used to determine parameters
(e.g., aspect ratios) of theoretical models because the computational analysis of the local properties volume directly
guantifies the contribution of each compositional class to the effective properties of the sample. For complex rocks, the
model parameters that capture those relative contributions cannot be accurately determined from measurements of
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effective properties alone. Without computational analysis of a 3D local properties volume, there is too much ambiguity
between the effects of the compositional classes.

[0036] The presentinventive method is an improvement over techniques that simulate the processes of rock formation,
asitis based on actual observed rock structure and does not depend on the accuracy of process simulations to determine
structure. While process simulations are improving in accuracy and show promise for characterizing many siliciclastic
rocks, they are relatively untested on predicting the more complicated structures found in carbonates.

[0037] Finally, the present inventive method is an improvement over the current applications of computational rock
physics, in that it directly determines models for hydrocarbon exploration that specify relationships between geophysical
and reservoir properties, rather than simply computing the effective properties of selected samples. Most current appli-
cations of computational rock physics over-predict effective elastic properties because they do not adequately charac-
terize sub-resolution structure such as microporosity and grain contacts. In one embodiment, the inventive method solves
this problem by forming the local properties volume based on a model that characterizes sub-resolution structure and
is calibrated to lab measurements so that effective property predictions are not biased. In current applications of com-
putational rock physics, the value of altering the local properties volume within compositional classes to better constrain
model parameters is not recognized, but in one embodiment the present inventive method uses such alterations to
constrain all parameters of the model from a single rock sample.

[0038] An embodiment of the present inventive method will now be described. With reference to the flow chart of
Figure 1, this embodiment involves procedures to determine the functional relationship between seismic properties and
reservoir properties within a rock formation. The seismic properties considered in this embodiment are the effective
elastic moduli, and the reservoir properties considered are the porosity and composition of the formation as expressed
by the volume fractions of the compositional classes. As illustrated in Figure 1, a rock sample is obtained that is char-
acteristic of a formation of interest (step 101). A 3D image of the rock sample is obtained (step 102). The image of the
rock sample is segmented into the compositional classes that compose the sample (step 103). A 3D local elastic properties
data volume is created from the 3D image specifying elastic moduli throughout the rock sample (step 104). The form of
a model is selected to relate the effective elastic properties and the volume fractions of each compositional class in the
formation of interest, where the model form contains at least one unknown parameter (step 105). Values for the unknown
parameters of the model in step 105 are selected to make the effective elastic properties predicted by the model match
those computed from the 3D local elastic properties data volume (step 106), and the model is used to assess the
commercial potential of a subsurface reservoir (step 107). The individual steps will be described in greater detail in the
following paragraphs.

[0039] Step 101 is selecting a rock sample that is characteristic of the formation of interest. The rock sample should
be selected from the reservoir of interest or from an analog formation having similar composition and structure to the
reservoir of interest. The rock sample is typically core plug size (a cylinder 1" diameter x 2" long) or smaller, though the
dimensions of the sample will be determined by the constraints of the imaging modality and the scale of structure within
the sample. The sample should be large enough to contain a statistically representative sampling of the heterogeneity
which is to be characterized. For example, a sample of sandstone that is composed of sand grains and pore spaces
should be about ten grain diameters long or longer in each dimension so that the analysis is not overly influenced by
the variable shape, contacts, and orientation of a particular grain.

[0040] Step 102 is obtaining a 3D image of the rock sample. The goal of this step is to obtain detailed information
aboutthe structure and composition of the sample. A 3D image necessarily implies that the image represents a quantifiable
variation of some material property of the sample throughout its volume. Typically the 3D image is a volume divided into
cubic cells called pixels or voxels, where a numerical value corresponding to the imaged material property is assigned
to each cell. In a preferred embodiment of the invention, X-ray microtomography is used. [Flannery, et al, 1987] X-ray
microtomography provides a 3D image of X-ray linear attenuation coefficient throughout the sample. Each pixel in the
image is typically from 1 to 100 microns on a side depending on the system used, and the full image is a 3D data volume
of typically 500 pixels on an edge. An example of one slice from such a 3D image is shown in Figure 2, where the
grayscale value of each pixel is related to x-ray linear attenuation coefficient, black being no attenuation and white being
maximum attenuation. Other 3D imaging modalities could also be used to image the sample, such as magnetic resonance
imaging, focused ion beamimaging, or confocal microscopy. Each of these has its own tradeoffs in resolution, penetration
depth, and the material property of the sample represented by the image.

[0041] When a true 3D image is not available, there are at least two other ways to create a 3D representation of the
sample that can take the place of a 3D image: One such way is to construct a 3D representation of the rock statistically
based on a 2D image such as a petrographic thin section. [Nur, 2003] This approach is limited by the assumptions that
go into the statistical reconstruction, and certain complicated grain or pore structures may be inadequately represented
by the reconstruction. Another way is to construct a 3D representation of a rock by simulation of the processes of
deposition, compaction, and diagenesis. [dren.& Bakke, 2002]. In this case, the choice of grain properties, degree of
compaction, and nature of diagenesis would typically be guided by a 2D petrographic thin section image of the rock
sample. Persons skilled in the field may know of other ways to arrive at a 3D image or 3D representation of a rock
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sample. All such ways are included within the scope of step 102.

[0042] Step 103 is segmenting the image into its compositional classes. Members of a single compositional class
should possess the same composition, the same general structure, and the same general location relative to other
compositional classes so that they influence to a similar extent the properties of the rock. There is ambiguity in segmenting
x-ray attenuation images (to use the X-ray microtomography example) into compositional classes of similar mineralogy
because different rock minerals can have similar x-ray attenuations. Segmentation is greatly aided if prior information
about the mineral composition of the sample limits the number of possibilities for each pixel. Where there is no prior
information, x-ray diffraction can be used to determine mineralogy.

[0043] Iftwo compositional classes have equal or nearly equal x-ray attenuations, it may be necessary to use structural
metrics to distinguish them. For example, two different types of pores might be distinguished in this way. When a tunable
x-ray tomography source is available, x-ray attenuation images at several energies (wavelengths) can be made and the
variation in x-ray attenuation with x-ray energy characteristic of the minerals in the sample can be used to more accurately
discriminate mineral type. Mineral classification is more difficult with x-ray microtomography systems that utilize a broad
spectrum x-ray source. Since x-ray attenuation varies with x-ray energy, the attenuation sensed by broad spectrum
sources is the energy-dependent attenuation coefficient averaged over the x-ray energy spectrum as it varies throughout
the sample. When mineral discrimination proves too difficult with x-ray tomography alone, x-ray diffraction tomography
can be used to directly identify mineral type throughout a sample.

[0044] In carbonate rocks, there is often microporosity at a scale below the resolution of x-ray tomography systems.
In most rocks there are grain contacts, microfractures, or other subresolution features. X-ray attenuation is related to
both the mineral type and porosity within each image pixel. If the mineral type at a pixel is known, then the local porosity
at that pixel can be calculated as the percentage by which the imaged x-ray attenuation coefficient is less than the x-
ray attenuation coefficient for the solid mineral. Thus, porosity within image pixels with subresolution structure can be
accurately determined from x-ray microtomography images, even though the pore structure cannot be seen. When the
mineral type at a pixel is uncertain, differences in x-ray attenuation due to mineral type can be confused with differences
due to the porosity. Microporosity of accessible pores can be identified by subtracting a tomographic image of a dry rock
from an image with an x-ray attenuating dye in the pores. The microporosity of a pixel is calculated as the ratio of
attenuation at the pixel in the difference image to the attenuation of the dye.

[0045] Step 104 is converting the image or representation of the rock from step 102 into a local elastic properties
volume, a 3D data volume which gives the elastic properties (i.e., the bulk modulus and shear modulus) at each point
within the sample. The image of the rock provides a 3D representation of the imaged material property-x-ray linear
attenuation coefficient in the case of x-ray microtomography. A mapping must be determined that relates the imaged
material property to the required elastic properties. A separate mapping will preferably be determined for each compo-
sitional class identified in step 103. For classes that are solid mineral, a simple mapping might be to assign the known
elastic properties of the mineral to every pixel within the class. Similarly, for classes that are empty pore, a simple
mapping would be to assign the known properties of the pore fluid to every pixel within the class. For classes that contain
mineral mixes of varying proportions, microporosity, grain contacts, thin fractures, or other sub-resolution structures, the
mapping musttake into account the relationship between x-ray attenuation and elastic properties thatthose factors create.
[0046] Apreferredembodimentfordetermining a mapping fromthe value of the imaged property (e.g., x-ray attenuation)
to the local elastic properties, which can be applied to all pixels within a compositional class, is now described. The
imaged property value obtained for each pixel is converted to the composition of the pixel (e.g., mineral type and porosity)
and then a DEM model specific to the compositional class is used to convert from the composition of the pixel to its
elastic properties. The effective aspect ratio for the DEM model is selected to make the numerically computed effective
elastic properties for the whole local properties volume match a laboratory measurement of the effective properties of
the sample. The required numerical computation is performed using the same numerical software described in step 106.
If there is more than one unknown parameter that must be determined, then images and lab measurements on more
than one rock sample may be required to determine the unknown parameters. These samples should be selected so
that they have different relative abundances of the compositional classes which have models with unknown parameters.
[0047] An alternative method for determining a mapping from pixel image value to pixel elastic properties is to apply
the inventive method, now at the pixel scale rather than at the sample scale. To apply the inventive method, a higher
resolution image of a sample of the compositional class is obtained. The image can come from a piece of the rock sample
under study or from an instance of the same compositional class in an analog formation. In the preferred embodiment,
a 3D focused ion beam image would be used. Other 3D imaging modalities offering the required resolution can be
substituted. Alternatively, a 2D image from a scanning electron microscope or other high resolution 2D imaging modality
can be used to calibrate the statistical construction of a 3D image by the method of Nur 2003]. Alternatively a geological
process simulation can be used to construct a digital rock sample representative of the compositional class by the method
of @ren & Bakke [2002]. These alternatives to 3D imaging are described in step 102, and their results will typically be
more satisfactory for characterizing a single compositional class than for characterizing the rock sample as a whole.
Aside from differences in imaging modality, the inventive method can be applied in the same way at the pixel scale as
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at the sample scale.

[0048] At step 105, the mathematical form of the model to be used for relating the elastic properties and reservoir
properties is selected. By mathematical form of the model, it is meant the equations or relationships of the model wherein
at least one parameter in those equations or relationships is as yet unknown, and will be determined in step 106. A
preferred embodiment of the invention uses an SC theory type of model that relates the volume fraction, elastic properties,
and an effective aspect ratio for each compositional class to the effective elastic properties of the sample. Embedded
in such a model are mineralogy, based on the volume fractions of each compositional class, porosity, which is included
among the compositional classes, and some structural information in the form of the effective aspect ratios. The effect
of pore fluid changes can be incorporated by Gassmann fluid substitution [Mavko, et al, 2003] after the desired relation-
ships are determined for a single pore fluid type or for the dry rock case. Tight porosity where the "relaxed fluid" assumption
behind Gassmann fluid substitution does not hold should be treated as a separate compositional class from the connected
porosity, and the elastic properties of the tight porosity should be adjusted to reflect a non-relaxed fluid in the pore space.
[0049] Step 106 is to determine the values for the unknown parameters in the mathematical form of the model from
step 105, thereby determining the desired relationship among elastic and reservoir properties. The unknown parameters
are selected so thatthe model predicts effective property values that are substantially equal to those computed numerically
from the local properties volume. The unknown parameters are adjusted iteratively if necessary until this correspondence
is achieved. Skilled persons will recognize that a perfect correspondence between the model prediction and the numerical
computation may not be obtainable. In this case, the iterative adjustment of unknown parameter values continues only
until the correspondence is as close as is practically possible, i.e. when it is within a selected tolerance or a fixed number
of iterations have been tried, or another stopping condition is attained.

[0050] Where there is more than one unknown parameter of the model, additional constraints are typically needed to
determine the parameters. In a preferred embodiment of the invention, the additional constraints come from the stress
field and strain field as computed within the local properties volume, where the six component stress and strain vectors
are averaged within compositional classes. The field averages are used to determine the free parameters of a matrix
relating averaged strains (or stresses) within a compositional class to averaged strains (or stresses) over the whole
sample, as in equation 2. Determining this matrix completes the specification of the unknown parameters in the model
of equation 3. In another embodiment, additional constraints are obtained by digitally altering the local properties volume
and computing numerically the effective properties of the altered volume. The additional constraints are that the model
must accurately predict the computed effective properties for the altered local properties volumes. The local properties
volume is altered in different ways and the effective properties of the altered volumes computed numerically until enough
constraints are thus produced to accurately determine the unknown parameters of the model. Alternatively, additional
rock samples can be used to provide additional constraints. A preferred way to do this is to use all available rock samples
including virtual measurements from each of those samples. When the model parameters are overdetermined by virtue
of using more than the minimum number of rock samples or more than the minimum number of virtual measurements
required to constrain them, estimates of the model parameters from each sample may be averaged (e.g., mean or
median). Redundant information about the model parameters may be utilized to improve the accuracy of the final model
parameter estimate in various ways familiar to people skilled in statistics.

[0051] Alterations applied to the local properties volume are preferably ones that can be accurately and conveniently
accounted for by the model. As described in step 105, in the example embodiment of the invention, the model gives
effective properties as a function of the volume fractions of each compositional class, an aspect ratio characteristic of
the structure and spatial distribution of each compositional class, and the elastic properties (or distribution of elastic
properties) of each compositional class. It is difficult to alter the volume fractions of compositional classes in the local
properties volume without changing the important structural characteristics of the rock. The aspectratios are the unknown
parameters that are being determined, so these should not be altered. This leaves the elastic properties of the compo-
sitional classes. These may be altered with no change to the structure of the rock. In the preferred embodiment, the
elastic properties of each compositional class are slightly raised or lowered. Typically, changes of about 20% may be
used to provide a perturbation to the effective properties of the sample that is easily distinguishable from computational
noise but not large enough to substantially alter the stress and strain distributions within the local properties volume.
When altering compositional classes that are pores and have elastic moduli values close to zero, a constant increment
is preferably added to the elastic moduli instead of applying a percentage adjustment.

[0052] The numerical computation of an effective property value from the local properties volume and the computation
of fields within the local property volume is typically accomplished with numerical finite difference or finite element
computer programs. Such programs are familiar to persons of ordinary skill in the art. For example; one such program
is MELAS3D. [Bohn, 2003] This program computes the effective elastic moduli of the sample from a local elastic properties
volume where the local bulk and shear moduli are specified in a grid of cubic cells. The preferred embodiment from the
point of view of computational speed would be a computer program that performs the computation on a variable grid
optimized to the shape and scale of the elements of the compositional classes and their internal structure, if any. All
methods for computing effective properties from the local properties volume are within the scope of the invention.
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[0053] Finally, the model may be used to assess the commercial potential of a subsurface reservoir (step 107).
Practitioners of hydrocarbon exploration rely on models for how geophysical measurements are related to reservoir
properties to determine whether a subsurface reservoir contains hydrocarbons, the volume of hydrocarbons in the
reservoir, and where to penetrate the reservoir with wells in order to most economically produce the hydrocarbons.
These models allow them to determine the critical reservoir properties that cannot be directly measured from surface
seismic surveys, electromagnetic surveys, and down-hole measurements in wells. The methods for utilizing such models
in hydrocarbon exploration are familiar to persons of ordinary skill in the art.

[0054] An example of an embodiment of the invention for modeling elastic properties as a function of macro-porosity
and micro-porosity is now described. In this example, a sample of Indiana limestone is selected in step 101 of Figure
1. Indiana limestone is a monomineralic rock (all calcite) and has both intergranular pores and significant microporosity,
especially around the edges of grains. In step 102, the sample is imaged using x-ray microtomography. A 2D slice from
the 3D image volume is shown in Figure 2, where the grayscale value of each pixel is an 8-bit number which is related
to x-ray linear attenuation coefficient, black being no attenuation (empty pore) and white being maximum attenuation
(solid calcite).

[0055] Two examples of step 103 are now given. In the first example, the image of Indiana limestone in Figure 2 is
segmented into three compositional classes: solid calcite grains, microporous calcite (called micrite), and open pores.
This segmentation is performed simply based on image pixel value. Pixel values from 0 to 70 are considered to be open
pores, values from 71 to 180 are considered microporous calcite, and values from 181 to 255 are considered solid calcite
grains. The results of the segmentation are shown in Figure 3. In a second example of segmentation, a 2D slice of a 3D
x-ray microtomography image of Berea sandstone (shown in Figure 4) is segmented into five compositional classes.
Berea is known to be composed of quartz grains and feldspar grains, held together with calcite cement, and there is
sometimes clay in the pores. The minerals can be distinguished by their x-ray attenuations, so a rough segmentation
can be performed based on image pixel value. A rough segmented image is formed by assigning each pixel an integer
value from 1 to 5 reflecting its compositional class, then the rough image is filtered by making the center pixel of every
3x3x3 cube of pixels equal to the most common value (mode) within that cube. This mode filter has two desirable effects.
First, it reduces speckle due to occasional inisclassified pixels. Second, it tends to assign pixels at contacts between
compositional classes into one of the two classes, even when they have values between the ranges for those two classes
due to resolution limits. Figure 5 shows the segmentation of Figure 4.

[0056] An example of step 104 is illustrated by Figures 6-9. Figure 6 shows a relationship between pixel value in a
3D x-ray microtomography image and pixel porosity. Figure 7 shows the porosity of the image slice in Figure 2 as
calculated from the relationship in Figure 6. In general, such a relationship would only apply within a single compositional
class, but the Indiana limestone used in this example contains only calcite, so pixel porosity and measurement noise
are the only variables influencing pixel value. Thus, one relationship between pixel value and porosity can be applied
to all compositional classes. Next, pixel porosity from Figure 7 is converted into pixel elastic moduli according tc the
relationship in Figure 8 (the solid line represents bulk modulus and the broken line represents shear modulus) to produce
the local bulk modulus volume (Figure 9) and alocal shear modulus volume (not shown). In general, separate relationships
would be created for each compositional class and applied only to the pixels in that class. For this monomineralic rock,
however, it can be assumed that the relationship is the same in all three compositional classes and apply the one
relationship to the whole data volume. The relationship shown in Figure 8 comes from a DEM model. The required aspect
ratio was found by iterative adjustment until the effective elastic properties computed from the local elastic properties
volume matched laboratory measurements on the sample. This correspondence was achieved for an effective aspect
ratio of 0.13 in this example. This low aspect ratio means the microporous regions are very compliant. Their bulk moduli
are much closer to open pore than to solid calcite, as seen in Figure 9.

[0057] Inthe example, the model selected in step 105 is a DEM model where a single aspect ratio is used for all three
compositional classes. The effective properties are computed by starting with a homogeneous medium having the
properties of solid calcite, adding 1% of the volume fraction of each pixel value with its associated elastic properties and
aspect ratio. This is repeated according to the DEM process until 100% of the volume fraction of each pixel value has
been added.

[0058] An example of Step 106 of Figure 1 is illustrated by Figures 10-11. The aspect ratio for the model selected in
step 105 is determined to be 0.35. This aspect ratio makes the effective elastic properties predicted by the model match
the effective elastic properties computed for the sample based on the local elastic properties volume. In the preferred
embodiment, the model would typically have more than one unknown parameter, and additional virtual measurements
would be used to constrain the additional parameters. However, this simple oneparameter model is now calibrated and
its predictions for the effective elastic properties for rocks with different volume fractions of the compositional classes
can be explored. The solid line in Figure 10 shows the distribution of pixel values in the 3D image from step 102. The
segmentation of this distribution into compositional classes from step 103 is superimposed on Figure 10. The predictions
of the model for rocks with different volume fractions of the compositional classes are found by altering the pixel distribution
and using the model to calculate the resulting effective properties. An altered pixel distribution is shown by the dotted
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line in Figure 10, where the volume fraction of pixels in the micrite class has been increased, and the volume fractions
of pixels in the pore class and the calcite class have been decreased proportionally. This process of altering the volume
fractions within compositional classes and recalculating the effective properties using the model is repeated to trace out
the parametric family of curves shown in Figure 11 relating seismic wave velocity to porosity. The form of the curve
depends on the percentage of total porosity that is micrite. In Figure 11, the parameter %p.¢ (percent of the total porosity
which is micrite) increases from the top curve (0%) to the bottom curve (100%) in increments of 20%.

[0059] The final step (107) would then be to apply the curves shown in Figure 12 to make predictions about reservoir
properties. Relationships between porosity and velocity might be used, for example, to predict porosity throughout a
reservoir based on seismic wave velocities estimated from seismic reflection data.

[0060] The present inventive method may also be applied to determine a permeability model instead of an elastic
properties model. With reference to Figure 1, this embodiment of the invention involves procedures to determine the
functional relationship between permeability and the volume fractions of the compositional classes within the reservoir
rock, i.e. the selected material property in steps 104-106 is permeability instead of bulk/shear modulus. As illustrated in
Figure 1, a rock sample is obtained that is characteristic of a formation of interest (step 101). A 3D image of the rock
sample is obtained (step 102). The image of the rock sample is segmented into the compositional classes which compose
the sample (step 103). A 3D local permeability data volume is created specifying permeability throughout the rock sample
(step 104). The mathematical form of a model with unknown parameters is selected to relate permeability to the volume
fractions of each compositional class in the formation of interest (step 105). The unknown parameters of the model form
selected in step 105 are determined to match the permeability predicted by the model to the permeability computed
numerically based on the 3D local permeability data volume (step 106). Finally, the model with parameters determined
in step 106 is applied to assessing the commercial potential of a reservoir. The individual steps will be described in
greater detail in the following paragraphs to the extent that the steps differ from the preceding example of the elastic
properties model.

[0061] Step 101 is performed as in the elastic properties example.

[0062] Step 102 is obtaining a 3D image of the rock sample. A preferred embodiment for a permeability model is to
use X-ray microtomography to obtain the image [Flannery, et al 1987], but other 3D imaging modalities can be used if
they can accommodate the needed resolution and sample size. In the absence of true 3D images, process based
approaches for constructing 3D rock models or statistical reconstructions can be tried, though statistical reconstructions
may offer less accurate reproductions of permeability than of elastic properties.

[0063] Magnetic resonance imaging techniques can image the local permeability volume directly [Bencsik & Ram-
anathan, 2001], but tend to have lower resolution than x-ray microtomography. When compositional classes with sub-
resolution structure are significant contributors to the effective permeability of the sample, a preferred embodiment is to
obtain an x-ray microtomography image for detailed structural information and also utilize the magnetic resonance
imaging technique to directly quantify the permeabilities for the compositional classes with subresolution structure.
[0064] Step 103 is segmenting the image into its compositional classes. Members of a single compositional class for
permeability preferably possess the same composition and the same general structure and spatial distribution so that
they influence to a similar extent the effective properties of the rock. The compositional classes preferably are selected
so that their volume fractions capture all of the information relevant to determining the effective value of the property of
interest. For example, permeability is particularly sensitive to grain size, so when computing permeability, separate
compositional classes should typically be used for large and small sized grains and pores. By contrast, elastic properties
tend to be less sensitive to grain size, so a size-based division of compositional classes may not be needed when
computing elastic properties alone. It is typically possible to perform the segmentation into compositional classes based
on image pixel values, though in some cases more advanced imaging (e.g., combining more than one imaging modality)
or more advanced image analysis (e.g., geometrical attributes) may be needed.

[0065] Step 104 is converting the 3D image or 3D representation of the rock into a 3D permeability model of the rock
which gives the permeability at each point within the sample. Solid minerals can be considered to have zero permeability
while open pore space poses no obstruction to flow. For compositional classes that have subresolution structure, such
as microporosity, grain contacts, or microfractures, the assignment of permeability is more complicated, and a porosity-
permeability correlation is used, assigning finite permeabilities to image pixels based on theirimaged porosity. If magnetic
resonance imaging techniques were applied to image the local permeabilities throughout the sample, then porosity -
permeability crossplots can be determined by crossplotting MRI permeability with porosity from X-ray microtomography.
If the porosity-permeability relationship is unknown and is a function of one parameter, then a parameter specifying that
relationship can be estimated by adjusting it until the computed sample permeability matches laboratory measurements
of the sample permeability. If there is more than one compositional class for which a porosity - permeability relationship
must be estimated, then at least as many samples are needed as there are compositional classes for which relationships
must be determined. Each sample should have the various classes in different relative abundances. Alternatively, the
inventive method can be applied at the pixel scale within a single compositional class to determine the required mapping
from pixel value to permeability. This alternative requires an imaging modality that can resolve structure at that fine scale.
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[0066] Step 105 is selection of the mathematical form of the model The permeability model gives effective permeability
as a function of the volume fractions and permeabilities (or permeability distributions) of each compositional class. The
permeability model also contains unknown parameters for each compositional class characterizing the structural prop-
erties and spatial distributions. A preferred embodimentis a SC model given by Pozniakov [2004], though other alternative
models are available and all are within the scope of the invention [Torquato, 2002].

[0067] Step 106 is to determine the values for the unknown parameters in the mathematical form of the model, thereby
determining the desired relationship between permeability and the volume fractions of each compositional class. The
unknown parameters are selected so that the model predicts effective permeability values that are as close as possible
to those computed numerically from the local properties volume. The unknown parameters are adjusted iteratively if
necessary until this correspondence is achieved. When additional constraints are needed to specify the model param-
eters, these can be obtained by virtual measurements computed based on the local properties volume.

[0068] The numerical computation of permeability may be accompl shed by the lattice Boltzmann method. The software
implementation of this method preferably allows for cells in the local properties volume that have finite permeability
(rather than only passable and impassable cells). Such a capability will be needed for regions of the model with sub-
resolution structure and for computing effective permeability of altered local property volumes. An implementation that
incorporates this capability is described by Martys [2001]. All methods for computing the effective permeability from the
local permeability volume are within the scope of this invention.

[0069] Finally, the model may be used to evaluate how to most economically develop a subsurface reservoir (step
107). Practitioners of hydrocarbon exploration rely on models to relate geophysical survey data or well log data to
subsurface reservoir properties, including whether a subsurface reservoir contains hydrocarbons, the volume of hydro-
carbons in the reservoir, and where to penetrate the reservoir with wells in order to most economically produce the
hydrocarbons. When the inventive method is used to determine a permeability model, the inventive method is typically
also used to create a seismic/elastic properties model or a conductivity model based on the same compositional classes.
The models that relate permeability and another effective property to the same compositional classes can be solved to
relate permeability to the other effective property directly, and to determine the extent to which variations in the volume
fractions of the compositional classes alter the relationship. For example, the inventive method may applied as in the
elastic properties example described above and again as in the permeability example described above. Then the elastic
properties model and the permeability model may be solved together to relate elastic properties (expressed as seismic
wave velocities) directly to permeability. In this way, a relationship for predicting permeability from geophysical meas-
urements such as seismic data can be constructed, and the error bars on that relationship due to geological variability
in the reservoir can be assessed.

[0070] The present inventive method may also be applied to determine a conductivity model. With reference to Figure
1, this embodiment involves procedures to determine for a formation of interest the functional relationship between
conductivity and reservoir properties expressed as the volume fractions of the compositional classes. A rock sample is
obtained that is characteristic of a formation of interest (step 101). A 3D image of the rock sample is obtained (step 102).
The image of the rock sample is segmented into the compositional classes that compose the sample (step 103). A 3D
local conductivity data volume is created specifying conductivity throughout the rock sample (step 104). A model with
certain unknown parameters is selected for the formation of interest. This model relates conductivity to the volume
fractions of the compositional classes (step 105). The unknown parameters of the model selected in step 105 are
determined based on numerical analysis of the 3D local conductivity data volume (step 106). Finally, the conductivity
model is used to assess the commercial potential of a subsurface reservoir (step 107). The individual steps, to the extent
they are different than the other examples, will be described in greater detail in the following paragraphs.

[0071] Steps 101, 102, and 103 are performed as in the other examples.

[0072] Step 104 is converting the image or representation of the rock into a 3D local conductivity model which gives
the conductivity at each point within the sample. Most minerals of the earth’s crust have low conductivity. As for pore
fluids, oil and natural gas have very low conductivity, while brine or ground water typically has high conductivity. Clays
in the presence of brine develop a surface charge distribution which creates a thin high-conductivity layer on the surface
of the clay. In rocks with a significant volume fraction of clay, this effect preferably needs to be accounted for in the local
properties volume, typically by assigning the water-wet boundary voxels of clay an increased conductivity. For compo-
sitional classes that have subresolution structure, such as microporosity, grain contacts, or microfractures, the mapping
from the 3D image to the local conductivity volume preferably takes into account the variability in conductivity that those
factors create.

[0073] A preferred embodiment for relating pixel value to local conductivity within a compositional class is to convert
the image pixel value to the porosity of the pixel and then apply a DEM theory model specific to the compositional class
to convert from porosity to conductivity. The effective aspect ratio for this model can be selected to make the numerically
computed effective conductivity for the whole local properties volume substantially equal to a laboratory measurement
of the conductivity of the sample. The required numerical computation of the effective conductivity from the local properties
volume is performed using the same numerical software described under step 106 below. If there is more than one
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unknown parameter in the model for a single compositional class or if there is more than one compositional class in the
rock that uses a model with an unknown parameter, then images and lab measurements on more than one rock sample
are typically required to determine the unknown parameters. These samples are preferably selected so that they have
different relative abundances of the compositional classes that have models with unknown parameters. Alternatively,
the inventive method can be applied at the pixel scale within a single compositional class to determine the required
mapping from pixel value to conductivity. This alternative requires an imaging modality that can resolve structure at that
fine scale.

[0074] Step 105 is selection of the type of model to use. In a typical embodiment of the invention, the conductivity
model gives effective conductivity as a function of the volume fractions and conductivities of each compositional class.
The conductivity model also contains geometrical parameters for each compositional class characterizing the structural
properties of the rock. A preferred embodiment uses the SC theory type of conductivity model, though other conductivity
models can be substituted [e.g., see Torquato, 2002], and such alternative model choices are within the scope of the
invention. The model, like the local properties volume needs to incorporate the effect of boundary charge distributions
in rocks with clay content. Appropriate models for this effect are described in Worthington [1985].

[0075] Step 106 is performed as in the other examples, except that the numerical computation of effective conductivity
is preferably accomplished by the "first-passage-time" method [Torquato, Kim, and Cule, 1999], though conventional
finite difference or finite element methods can also be applied. All methods for computing the effective conductivity from
the local conductivity volume are within the scope of this invention.

[0076] Finally, the conductivity model is used in making decisions about how to manage a reservoir to the greatest
economic advantage (step 107). Practitioners of hydrocarbon exploration rely on conductivity models to relate both
large-scale surface resistivity survey data and down-hole resistivity measurements to subsurface reservoir properties.
Knowledge of reservoir properties is the basis for deciding whether to drill a particular reservoir and where wells should
be placed to most economically produce hydrocarbons in a reservoir.

[0077] In hydrocarbon exploration, it is often useful to relate effective properties to one another. For example, if
permeability can be related to elastic properties and / or conductivity, then geophysical survey data which senses elastic
properties and / or conductivity can be used to determine permeability. The inventive method can determine relationships
between effective elastic properties, effective permeability, and effective conductivity. To accomplish this, the effective
properties of interest are all related to the volume fractions of the same compositional classes within the sample using
the embodiments of the invention described above. The models determined in this way then form a system of equations
that may be manipulated analytically or solved numerically according to methods familiar to persons of ordinary skill in
the art to determine any one of the effective properties as a function of another. The relationship between the effective
properties will typically vary depending on the volume fractions of the underlying compositional classes, and this variability
can also be determined from the models.

[0078] The inventive method can be applied to anisotropic samples where the effective properties and optionally the
local properties as well are tensors. If the local properties are tensors, these would be specified in creating the local
properties volume in step 104 of Figure 1. Self-consistent models are available for tensor quantities as described by
Willis [1977] and Berryman [1997], and a model of this form would be a preferred embodiment in step 105 of Figure 1.
In step 106 of Figure 1, the effective properties tensor predicted by the model would be compared with a numerically
calculated tensor based on the local properties volume, and additional constraints could be obtained by altering any
elements ofthe local properties tensor within compositional classes and computing the response of the effective properties
tensor.

[0079] The foregoing application is directed to particular embodiments of the present invention for the purpose of
illustrating it. It will be apparent, however, to one skilled in the art, that many modifications and variations to the embod-
iments described herein are possible. With the benefit of the disclosure herein, persons of ordinary skill in the art will
recognize that the inventive method may be applied to relate other effective properties besides seismic properties,
permeability, and conductivity to structure and composition. For example, density, magnetic permeability, thermal con-
ductivity, and nuclear magnetic resonance relaxation times can all be related using the inventive method to the structure
and composition of rocks. All such modifications and variations are intended to be with in the scope of the present
invention, as defined in the appended claims. Persons skilled in the art will also readily recognize that in preferred
embodiments of the invention, at least some of the steps in the present inventive method are performed on a computer,
i.e. the invention is computer implemented. In such cases, the resulting model parameters may either be downloaded
or saved to computer memory.
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Claims

1. Amethodfordeveloping amodelfor hydrocarbon exploration of at least one effective material property of a subsurface
reservoir as a function of the reservoir’s rock composition and structure, comprising:

(a) obtaining a rock sample characteristic of compositional classes existing in the reservoir rock ;

(b) obtaining a 3D image of the rock sample;

(c) segmenting the 3D image into at least two compositional classes where the regions within each class have
similar properties;

(d) creating for the rock sample a local properties data volume partitioning the sample into discrete cells, and
specifying a value of a selected material property at each cell;

(e) choosing a mathematical form of a model relating effective (bulk) value of the selected material property to
volume fractions of the compositional classes; and

(f) determining all unknown parameters of the model by adjusting them to reduce mismatch between effective
material property values predicted by the model and effective material property values computed numerically
from the local properties volume.
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The method of claim 1, further comprising using the model to assess the commercial potential of the subsurface
reservoir.

The method of claim 1, wherein the selected material property is selected from a group consisting of bulk modulus,
shear modulus, compressional wave velocity, shear wave velocity, Vp/Vs ratio, a Lamé constant, and an anisotropy
parameter.

The method of claim 1, wherein the selected material property is permeability or a component of a permeability
vector or tensor.

The method of claim 1, wherein the selected material property is selected from a group consisting of: conductivity,
resistivity, formation factor, dielectric constant, capacitance, complex impedance, and a component of a complex
impedance vector.

The method of claim 1, wherein the 3D image is acquired by means of x-ray microtomography, magnetic resonance
imaging, focused ion beam imaging, positron emission tomography, or any combination thereof.

The method of claim 1, wherein the 3D image is a pixel display using a parameter characteristic of how the image
is acquired or constructed.

The method of claim 7, wherein segmenting the 3D image into compositional classes is accomplished using one or
more pixel attributes selected from a group consisting of: pixel value, pixel location relative to other pixels with pixel
values in a specified range, comparison with pixel values at the same location in a different image, a geometric form
exhibited by neighboring pixels with similar pixel values, and any combination thereof.

The method of claim 7, wherein the local properties volume is created from the 3D image by applying a mapping
relating local properties to image pixel values.

The method of claim 9, wherein a separate mapping is used within each compositional class.

The method of claim 9, wherein the mapping contains at least cne parameter that is determined by matching a
computed effective property value from the local properties volume to a measurement of the same effective property
value.

The method of claim 1, wherein the numerical computation of effective material property values from the local
properties volume is performed on a variable grid adapted to the structure of at least one of the 3D image, boundaries
between compositional classes, and the local properties volume.

The method of claim 1, wherein an unknown parameter of the model is determined by comparing a model prediction
with a numerical computation on an altered local properties volume.

The method of claim 12, wherein the altered local properties volume is formed by altering material property values
only within a single compositional class.

The method of claim 1, further comprising determining a model relating a second effective material property to the

same compositional classes, and using the two models to determine a relationship between the two effective material
properties.
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